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Abstract

This dissertation presents a road vehicle detection approach for intelligent transportation
systems. This approach uses a roadside-installed, low-cost magnetic sensor and
associated data collection system. The system measures magnetic field changes to count,
detect, and classify passing vehicles into a number of vehicle types. We compare each
vehicle using dynamic time warping (DTW), then extend Mel-Frequency Cepstral
Coefficients to analyse the vehicles’ magnetic signals and extract them as vehicle features
using the representations of cepstrum, frame energy, and gap cepstrum of magnetic
signals. There are three directions (X-axis, Y-axis, and Z-axis directions) in the earth’s
magnetic field. We design one- (X-axis direction) and three-dimensional (i.e. X-axis, Y-
axis, and Z-axis direction) map algorithms using Vector Quantisation to classify the
vehicle magnetic features according to four typical vehicle types for the Australian
suburbs: sedan, van, truck, and bus. We also compared experimental results between these
two methods. Results show that our approach achieves a high level of accuracy for vehicle
detection and classification. In the end, we found that filtering raw magnetic measurement
signals can significantly influence vehicle recognition accuracy. Compared with the one-
dimensional map, we reached the highest accuracy of vehicle classification in our test

data using the three-dimensional map.

Keywords: signal processing, vehicle classification, road traffic model, intelligence

vehicle, magnetic sensing
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Chapter 1: Introduction

Chapter 1: Introduction

1.1. Introduction

Intelligent transportation systems (ITS) deploy sensors to collect and analyse road vehicle
information for road vehicle monitoring, management, control of road traffic, and data
analysis for future development of transportation infrastructure. Road traffic information
includes passing vehicle location, vehicle type, vehicle speed and direction, vehicle
weight, and vehicle volume in certain zones [1, 2]. The first traffic monitor sensor was
developed and installed for road use in 1928. This device used a microphone to detect the
sound of vehicles [1]. Since then, road vehicle sensing technologies have explored
vibration, inductive-loop detection, magnetic fields, acoustic sensing, optical and infrared
sensing, satellite signal processing, camera image and video processing, and inertial
sensing [ 1, 2]. Sensing technologies can be utilised via a single sensor or a sensor network.
Different types of sensing technologies can be applied at different locations in
transportation systems. The sensors can be statically deployed at the roadside, underneath
the road surface, over the road, on a pole at a certain height near the road, on a bridge
crossing over a road, or dynamically installed in road or aerial vehicles. In a sensor
network, these technologies and deployment locations can be integrated. From a
commercial deployment perspective, the types of sensing technologies and the
deployment locations of sensors will impact the benefits and costs of installation and
maintenance. For example, magnetic sensor installation underneath the road surface will
increase sensor measurement accuracy but disrupt road traffic in the installation and

maintenance phases.

Among these sensing technologies, magnetic field sensing to analyse road vehicle
information is at the exploration stage. Large-scale commercial deployment of magnetic
sensors in intelligent transportation systems is not yet possible. There is a need to research
magnetic sensing to detect, identify, and classify road vehicles from both a theoretical
and quality evaluation perspective. Consequently, in this thesis, we present a road vehicle
identification and classification approach using a roadside-installed single magnetic
sensor. The magnetic sensor measures the magnetic field changes when vehicles pass by.
The sensor measurement signals are then analysed to extract vehicle features, and these

1



Chapter 1: Introduction

features are classified into vehicle types. Four major types of passing vehicles in road
traffic are therefore detected: sedan, van, truck and bus. From a deployment perspective,
the magnetic sensing and detection approach does not require road traffic interruption for
installation and maintenance and can be applied in day and night conditions. On the
detection algorithm side, there are three directions, namely X, Y and Z, in the Earth’s
magnetic field. Therefore, we design one-dimensional (X-axis direction) and three-
dimensional (i.e. X-axis, Y-axis, and Z-axis direction) approaches for the feature
extraction and classification process. The experimental results validate this approach.
This approach can be applied to intelligent transportation systems to provide dynamic

information about road vehicle types and traffic flow conditions.

1.2 Background

Sensing technologies provide vehicle and road traffic information to intelligent
transportation systems. An accelerometer is able to measure the vibration of the road
when a vehicle is passing. An Intelligent transportation systems (ITS) can receive sensor
input from accelerometers installed under the road surface and compute both the weight
of a passing vehicle and the total number of vehicles. Inductive loop technology involves
an electrical conducting loop being installed on the road surface. When a vehicle passes
over the loop, current is induced in the wired loops, and this signal change is transmitted
to the ITS to compute the detection of the passing vehicle type [1]. The vehicle detection
and type classification algorithms include back-propagation neural networks [3], neural
genetic controllers using a single loop [4, 5], and two-axle tractor/three-axle semi-trailer
approaches [5, 6, 7]. Radar is a mature technology used to detect passing vehicle length,
height and speed. Frequency-modulated continuous waves using doppler radar is one of
the traditional radar techniques employed to extract shape information and classify
vehicle types [8, 9]. More recent radar techniques include detection and analysis of the
frequency of incoming vehicles using reconfigurable antenna arrays and the Synthetic
Aperture Radar technique for estimation of angular coordinates [10]. Infrared (IR),
including active infrared laser radar and passive infrared, has been used in road vehicle
acquisition, tracking, and night vision. Infrared is capable of operating over multiple lanes
[1, 11, 12]. IR detecting techniques include extracting histograms of oriented gradient

features and local binary pattern features, which are concatenated to form classification
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Chapter 1: Introduction

features [13, 14]. IR techniques can be applied to detect both vehicles and pedestrians on
the road. Infrared sensors may exhibit reduced sensitivity to vehicles in weather
conditions like rain, fog and snow [15]. Finally, cameras capture passing vehicles’
location, speed and shape as images and videos. Road traffic images contain rich
information about a wide area. Vehicle imaging detection techniques can be used across
multiple lanes and multiple zones. Weather conditions and day-to-night transition may
affect performance [ 16]. Street lighting is required to assist video image recording at night

to ensure a reliable signal [17, 18].

In light of the above, and considering the cost of installation and maintenance, we opt to
use a single anisotropic magneto-resistive (AMR) magnetic sensor to install at the
roadside. When compared with other types of magnetic field sensing technologies on
range and cost, AMR sensors are able to work in the range of magnetic field changes
required for practical application [19]. Our approach is applied in an Australian road

environment.

1.3 Motivations and objectives

Existing methods apply different types of sensors data to detect and/or classify vehicles.
In the present research, our goal is to propose a vehicle detection and classification
solution that can achieve satisfactory accuracy in vehicle classification and be robust to
various environments, e.g. different weather conditions. The aim of this thesis is to
concept proof the research idea of passing vehicles in low and high speed detection, raw
magnetic data processing, vehicle feature extraction and build up an initial prototype

which is not yet used in practice.

Considering that AMR sensors record magnetic signals in a stable fashion that is not
influenced by weather conditions, in this research, we apply AMR sensors to collect raw

data and further classify vehicle types based on these data.

In order to achieve the abovementioned goal, we tackle the following three research

objectives:

e Data collection
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In this thesis, an AMR sensor is deployed at a certain roadside position to detect
passing vehicles. We collect the magnetic raw data as well as data pertaining to the

vehicle types (as discussed in chapter 3).
e Vehicle classification

In order to classify vehicle types, we propose to treat the magnetic raw data as a signal,
then apply signal processing techniques to extract features efficiently and select an
effective classification algorithm. In our research, four main vehicle types are

considered for classification: sedan, van, truck and bus.
e Accuracy improvement

To ensure satisfactory classification accuracy, we explore how different directions of
magnetic data (i.e. the X-axis, Y-axis, and Z-axis directions) affect classification
results. We compare the classification results of using a one-dimensional (X-axis
direction) map and a three-dimensional (X-axis, Y-axis, and Z-axis directions) map

in order to increase the accuracy of vehicle classification.

1.4 Thesis contributions

The contributions of this thesis are summarised as follows:

e In a departure from most existing methods, we utilise a single AMR magnetic
sensor installed at roadside, which can provide a cost-efficient solution for road
vehicle detection and classification, compared to other sensors, e.g. camera
sensors, radar sensors and Infrared sensors.

e Treating magnetic data as a signal, we extract Mel-Frequency Cepstral
Coefficients (MFCC) and apply Vector Quantisation (VQ) for classification. To
ensure the training data are representative, Dynamic Time Warping (DTW) is
applied for pre-processing.

e By applying different directions of magnetic data, i.e. the one-dimensional map
and three-dimensional map, we have achieved satisfactory vehicle classification
accuracy. Experimental results demonstrate that the three-dimensional map

outperforms the one-dimensional map.
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In the following, advantages of the proposed approach are highlighted as follows,

compared the existing works using AMR sensors, our advantages are listed as below:

e On vehicle detection aspect, we consider the comprehensive passing vehicle
situation, such as high speed, low speed and none-vehicle passing the sensor.

e On vehicle raw magnetic data aspect, we apply not only X-axis direction but also
the combination of X-axis, Y-axis, and Z-axis directions as our data set.

e On raw magnetic data processing aspect, the effective magmatic data can be
selected through the algorithm measuring similarity between signals as our
training data set.

e On vehicle feature extraction aspect, the audio processing is used in magnetic field.
The magnetic signal feature can be extracted through audio algorithm due to the

similar physical characteristic.

1.5 Structure of the dissertation

This thesis is organised as follows. Chapter 1 reviews related work in vehicle recognition
and introduces the approach of the present research. Chapter 2 presents different sensors
used in detecting vehicles, while Chapter 3 discusses the collection of raw magnetic data.
Chapters 4 and 5 compare the one-dimensional and three-dimensional algorithms to
inform the experimental design for magnetic sensing in this research. The results of the
road vehicle identification and classification are demonstrated and evaluated in Chapter

6. Finally, conclusions and suggestions for future work are presented in Chapter 7.
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2.1 Vehicle recognition using different sensors

Previous work has employed different types of sensors, such as radar, infrared, camera,
magnetic and so on, to perform vehicle measurement. Vehicles are detected using various
sensors, and a vehicle’s parameters (length, height and width dimensions, etc.) are
extracted from images; these features are then used to classify vehicle types [20]. While
many of these sensors detect different signal waves, images and frequencies, magnetic
sensors measure the magnetic field. Types of magnetic sensing technologies include squid,
fibre-optic, optical pumped, nuclear procession, search-coil, anisotropic magneto-
resistive, flux-gate, etc. [21, 22, 23]. The impact of a vehicle passing or stopping on the

Earth’s magnetic field change is within the range of 1 microgauss to 10 gauss [24].

The various types of sensors will be introduced below. Ultimately, we opt to use the AMR

sensor as our tool to detect and collect the vehicle data in this thesis.

2.1.1 Radar sensor

The major types of radar detection can be broadly divided into two types: microwave
(MW) radar and millimetre wave (mmW) sensors. Firstly, in mmW sensors, the feature
is electromagnetic (EM) backscattering fields from the target, and the echo signals are
received by the radar system. Vehicle recognition can be performed well using the
incident beams. Due to the metal structures being relative with EM scattering, the major
contribution will result from the vehicle’s side-front part. The below analysis of research
involving two vehicles will present information regarding the effectiveness of radar in
vehicle detection. In [25], operational frequency is set at 24.125 GHz. The distances
between the antennas and vehicles are 4.7m, simulating the side-looking radar detection
scenario, which results in beam cross-sections with areas of 1.33 and 0.5 metres
respectively. The positions of the antennas relative to the vehicles are varied horizontally
to simulate the scenario of a moving vehicle, while the vertical location of the antenna
remains fixed at 2.55m. In the experiment, the narrow beam interacts with only a small

portion of the vehicles and causes false detections [26, 27]. Subsequently, the AMASM

6
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method is applied to smooth out the patterns of backscattering fields, which could

effectively reduce the possibility of false detection and recognition [28].

Moreover, the microwave (MW) radars need to satisfy certain requirements. Firstly, the
radiation pattern requires wide road coverage transverse to traffic flow and narrow
coverage along the traffic flow. In addition, high distance resolution and sampling
frequency are used to ensure the signals satisfy this requirement. Lastly, a wide dynamic
range is provided according to the return amplitudes [29]. The feature vector comes from
the sensor output as well as mapping it onto predefined classes. Feature vector extraction,
which can be defined as a linear metrical P-dimension vector, is the single-valued
transformation of samples into feature vectors [30]. In terms of classification, the
technique involves: calculating vehicle height, obtaining a feature vector, computing
distances, finding indexes, and vehicle class estimation [31]. The main methods are
observation and the proposed technique, which includes calculating the vector and

estimation and termination algorithms.

2.1.2 Infrared (IR) sensor

Infrared systems for vehicle detection incorporate paired transmitter (Tx) and receiver
(Rx) arrays that are mounted horizontally and vertically [32]. When a vehicle travels
across the Tx and Rx towers, raw data is transformed into information regarding blockage
of the infrared sensors for that certain timer. All these similar pulse cycles collectively
produce a vehicle profile that is useful for vehicle counting and categorisation [33]. IR
LED drivers may take the form of a transistorised switching circuit, which can transmit
the train of pulses at an individual level in synchronisation with the Rx controller. The
output of the IR sensor is connected to a controller that can read the particular sensor
output at that IR LED. The vehicle profile generator will then receive raw data from the
output IR LED and create the graphical vehicle profile. Vehicle classification is based on
the processing of multiple combinations of the extracted data. In vehicle classification,
the classification rule can be defined as valve selection, and the output identifies three
kinds of vehicles, namely buses, trucks and cars. In [34], the detection of vehicles is
accomplished using passive infrared temperature measurements and Gaussian Mixture
Models (GMM) to classify the data (the speed and length of vehicles are estimated by the
GMM algorithm). However, the average performance results, which are at around 80%

7
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accuracy, are not at the level of high precision we expect; moreover, a limited number of
vehicles were used in the experiment. In [35], a low-cost infrared-based system is used
for vehicle classification. The system has two parts: the emitter, which is responsible for
emitting pulsed infrared light through LEDs, and the receiver, which is responsible for
detecting the light reflected from a vehicle. The author uses Dynamic Time Warping
(DTW) as a comparison tool in this case. For classification, the distance between two
time series and the distance is to measure and to evaluate the similarity between two time
series. If distance is null, the similarity is maximum and the vehicle type is the same; if
not, it is a different kind of vehicle. Vehicles can be categorised with reference to this
distance. Although this is a type of low-cost infrared-based system for vehicle
classification, there is an environmental limitation, namely light condition. We need a

stable and continuous system for vehicle classification.

2.1.3 Camera sensor

Cameras sensors utilise multiple cameras. In [36], each camera first extracts one image
patch per vehicle, which is deemed a vehicle patch. Then, taking colour information into
consideration, features are extracted based on Harris corner detection with Opponent
SIFT descriptors. A Spatiotemporal Successive Dynamic Programming (S2DP)
algorithm for multiple cameras is put forward to identify vehicles. The features are
obtained from the patches from each camera and transferred into feature vectors. For
performance evaluation and comparison, there are four approaches used in
implementation and testing: firstly, the proposed S2DP algorithm, then the proposed
S2DP algorithm without the consideration of the penalty A for non-successive assignment,
followed by the baseline Hungarian algorithm [37, 38], and lastly the state-of-the-art
approach proposed by Cabrera et al. The average accuracy S2DP’s performance on
vehicles is below 75%, and this paper only detected the presence of vehicles rather than

classifying the different types of vehicles [39].

In [40], there are two videos used: one for training data, and the other for test data. The
training data set includes 69 vehicles, including 20 cars, 44 motorcycles, and five tricycles;
the other includes one car, five motorcycles, and one tricycle. A comparison is carried out

between classification results using the back-propagation and Radial Basis Function
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Network (RBFN) before and after applying Affine Transformation (AF). The highest

result accuracy is 86% and 71%, respectively, which is after AF.

2.1.4 AMR sensor

When compared with other types of magnetic field sensing technologies on range and
cost, Anisotropic Magneto-Resistive (AMR) sensors are best able to work in the range of
magnetic field changes required for practical application [24]. As discussed, there are
environmental limitations to the above sensors, such as rain or foggy weather; under these
circumstances, the performance will be dramatically influenced and the accuracy will
decrease. The magnetic field change measurements of AMR sensors used in road
experiments have been analysed using vehicle detection and classification approaches.
Signal analysis of magnetic field measurement and classification into signal shape

patterns has proven to be an effective approach.

Compared with different types of sensors, such as radar, infrared, camera, magnetic and

so on, AMR sensor has three main advantages:

e The AMR is the overall systems low cost and smaller size due to high sensitivity,
and they still maintain reliability and quality.

e AMR sensors have high sensitivity and flexibility, therefore they are placed
further away from the magnet. This allows the AMR sensor to be installed where
it is needed for the optimal performance.

e The most advantage of these solid-state devices are their durability and immunity
to shock and vibration. They record magnetic signals in a stable fashion that is not

influenced by different weather conditions.



Chapter 2: Literature review

2.2 AMR sensor data

2.2.1 Sensor installation

The traditional geomagnetic detector for collecting traffic measurement data is placed at
the roadside or at the centre of lanes, which provides a limited sample dataset. Therefore,
it can only analyse the vehicle motion states and cannot fully extrapolate to real-time
traffic conditions [41, 42]. By contrast, an anisotropic magneto-resistive (AMR) sensor
deployed along travel lane markings can synthesise information from the three (X, Y, Z)
axes to collect vehicle driving information from two adjacent lanes [43]. In addition, this
method uses a single sensor node rather than double nodes to realise the detection of
traffic flow parameters, and also increases accuracy as well as reducing installation and

maintenance costs [44].

Our AMR sensor is mounted at the roadside. The distance between passing vehicles and
the road is about 60cm. The road experiment is configured as shown in Figure 1. Axis-Y
of the sensor is pointing to the direction of traffic flow, parallel to the roadside; Axis-X
is pointing to the vehicle, vertical relative to Axis-Y; finally, Axis-Z is pointing up. The
AMR sensor outputs three measurements as Mag-X, Mag-Y and Mag-Z. The unit of the
sensor measurement in our experiment is the microgauss (mgauss). The magnetic field
measurement is in the time domain. The passing vehicle types and vehicle passing time
period are recorded. The collected measurement data are then used offline to analyse the
types of vehicles. Further information on the identification and classification of vehicles

is presented in the next section.

2.2.2 Sensor data collection

The Earth's magnetic field intensity is between 0.05—-0.06 mT on average [45]. If there is
no other disturbance, the magnetic field is constant. When the vehicle passes the magnetic
field, the field’s distribution will change [46]. AMR sensors use the anisotropic magneto-
resistive effect of conductor materials. The resistance of the nickel-iron magnetic alloy
has a function that is related to the angle (0) between the bias current (I) and magnetic

field vector (M) [47]; the passing vehicle changes the magnetic field vector.

In Meng Liu et al.’s approach [48], this AMR has a high sensitivity and triggers a response

from a small disturbance, thus detecting the changes in the geomagnetic field. This
10
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approach places the AMR sensor on the single lane line. The X-axis of the AMR sensor
is defined as the direction opposite to the driving direction, the Y-axis as the horizontal
component perpendicular to the driving direction, and the Z-axis as the vertical

component perpendicular to the X-axis and the Y-axis [49].

2.2.3 Sensor data analytics

In Sing Yiu et al.’s approach [50], three-axis magnetic vectors are analysed separately in
terms of magnitude. The magnitudes of Axis X, Y and Z in time series are classified into
a number of patterns; these patterns illustrate the shape of hills for each vehicle type.
Using this hill pattern approach, Saowaluck et al. [51] extracted features of normalised
vehicle magnetic length, average energy, and number of peaks in hill patterns. Their
classification types include motorcycles, cars, pickups, vans, and buses. An integrated
approach was developed using two magnetic sensors and DGPS by Taghvaeeym and
Rajamani [52]. DGPS measures the vehicle speed to aid the magnetic sensing. Vehicle
classification is based on magnetic length and an estimate of the average vertical magnetic
height of the vehicle. Vehicle length is computed using the vehicle presence time and
vehicle speed. Moreover, using a single AMR sensor, Yang and Lei [53] detected vehicles
in a single lane using sensor measurements when vehicles passed the road sensing area.
AMR sensors can be installed at the roadside, under the road surface, using a single sensor,
or using multiple sensors as a sensor network. These various configurations impact the
factors of measured signal strength for detecting accuracy, cost of installation and
maintenance. Application has not yet been commercialised at a large scale due to these
impact factors. Consequently, further research into these approaches is needed in order to

consider the commercial impact.

AMR sensor detection and measurement involves extracting the following features from
measured signals for classification: signal duration, signal energy, average strength of
signal, ratio of positive and average energy of X-axis signal, and ratio of positive and
average energy of Y-axis signal [54]. The X- and Y-axis of the magnetic sensor are
installed parallel to the earth’s surface, while the Z-axis is vertically installed. [7, 43] The
different types are classified into motorcycles, two-box cars, saloon cars, and sport utility
vehicles in this application. Using these approaches, vehicle detection and classification
applications have been developed as prototypes.
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In our research, considering the cost of installation and maintenance, we use a single
AMR magnetic sensor to install at the roadside. Our approach is used in an Australian
road environment. The types of vehicles in Australian road traffic are typically sedans,
vans, trucks and buses. In our data measurement, the X-axis is a unique factor for input
data, while the Y- and Z-axes is also work as input factors. We analyse these vehicle types
using measurements of how the earth’s magnetic field signal changes in the time domain
when a vehicle passes through our sensing area. We also explore vehicle identification
and classification by extending the audio signal analysis approach. The sensor
measurements of the magnetic field are processed by means of signal feature extraction
and vector quantisation to achieve vehicle type classification. Our approach is presented

in the following sections.
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Chapter 3: Raw magnetic data measurement and

collection

3.1 Raw magnetic data measurement

In Australia, vehicles travel on the left side of the road. Our experiments were conducted
on a road in a Sydney suburb. The vehicle types chosen for observation on this road are
sedans, vans, trucks and buses. The reason for this choice is that the raw magnetic signals
of these four vehicle types exhibit significant differences. We used a single 3-axle AMR
sensor to measure the earth’s magnetic field changes when vehicles passed through our
experimental area. The axes are the X-axis direction (right/west), Y-axis direction (in
lane/south), and Z-axis direction (up). The road experiment is configured as shown in

Figure 1.

Traffic
direction

-

Magneticsensor

Figure 1: Road experiment configuration

The AMR sensor has three sensitive axes, namely X, Y and Z. The main X-axis provides
positive main voltage change when the magnetic field increases in the sensitive axis
direction [55, 56]. There is a tensor gradiometer consisting of HMC1001 and HMC1002
microcircuits, both of which are designed by Honeywell. They are one-axis and two-axis

13
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sensors used to measure magnetic fields [43, 57]. Both are implemented vertically, so that
the HMC1001 and HMCI1002 microcircuits constitute an orthogonal measurement
structure. These two microcircuits are simple resistive Wheatstone bridges for the
measurement of magnetic fields and require a voltage of 10V [58]. This set-reset current
eliminates temperature drift and nonlinear error [56]. The gradiometer structure has two
segments: the main circuit board and the probe part. The main board is a voltage-
stabilising module comprising a set-reset current signal module and a power supply
module. The probe part consists of seven probes, each composed of one HMC1001 and
one HMC1002 chip [59, 60]. Therefore, this is a three-axis framework. The main circuit
board (in a box made of alloy material) and the probe part are connected by the net port
to maintain signal stability [61]. We used the AMR sensor to record vehicles passing on
our chosen road. The raw magnetic signals of the X-axis, Y-axis and Z-axis are shown in
Figures 2, 3 and 4 respectively.

Raw magnetic X-axis signal
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Figure 2: Road raw magnetic X-axis signal
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Raw magnetic Y-axis signal
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Figure 3: Road raw magnetic Y-axis signal

Raw magnetic Z-axis signal
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Figure 4: Road raw magnetic Z-axis signal
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3.2 Raw magnetic signals in collection and category

In signal collection, the time of passing vehicles needs to be recorded in order to match
the AMR sensors. There are two aspects affecting signal matching. Firstly, the position
of the vehicle generates different raw magnetic signals for the same vehicle. Moreover,
the data for overlapping vehicles needs to be moved so that the signal records only one
vehicle passing the sensor. In this experiment, on the one hand, the sensor is fixed in the
same position on the ground; on the other hand, we only record only one vehicle and set
the minimal time as one second between two vehicles passing the sensor. There are two
reasons. Firstly, the one second is very widely used in audio processing, because the
frequent domain change rapidly. Secondly, based on the experimental results and
observations, one second can achieve good performance. The ground truth of our

magnetic signal is shown in Figures 5 and 6.

Raw Magnetic Signal
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Figure 5: Road raw magnetic vehicle passing record signal 1
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Raw Magnetic Signal
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Figure 6: Road raw magnetic vehicle passing record signal 2
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Chapter 4: Classification within one-dimensional map

in magnetic field

4.1 One-dimensional map framework overview

This model is based on the Mel-Frequency Cepstral Coefficients (MFCC) and Vector
Quantisation (VQ). Further details are presented in Figures 11, 12 and 13. In our research,
we analyse MFCC for audio systems and VQ to analyse the magnetic field measurement
data for passing vehicles. The audio features of MFCC represent the characteristics of the
human sound system [62, 63]. Vector Quantisation is a lossy data compression method
for audio signals [64]. VQ can transform several scalar data into one vector data and
quantise a whole vector space [65, 66]. For the identification and classification of vehicle
signals, we first extract the features, then classify them into different types of vehicles.

The process is outlined below.

Looking at the feature extraction process in the literature, MFCC has been used to extract
speech signal features in speech recognition systems [64]. Audio signal features include
speech speed, speech fragment length, speech frequency, and amplitude [62]. In road
vehicle recognition, when a vehicle passes through the sensing area, the magnetic field in
that area will change and accordingly cause magnetic measurement changes. These
changes are displayed as a signal wave in measurement. From the observation of vehicle
types on the road, we classify and analyse road vehicles into four types: sedan, van, truck,
and bus. When these vehicles pass through the experimental zone, the magnetic sensor
displays signal changes in the form of waves. The signals in the figures below provide

examples of sensor measurements for these types of vehicles.
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Magnetic signal changes when Sedan passing
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Figure 7: Magnetic sensor measurement of sedan signal

Magnetic signal changes when VAN passing
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Figure 8: Magnetic sensor measurement of van signal

Magnetic signal changes when Truck passing
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Figure 9: Magnetic sensor measurement of truck signal
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Magnetic signal changes when Bus passing
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Figure 10: Magnetic sensor measurement of bus signal

4.2 Vehicle feature extraction in one-dimensional map

From the experiments, we found that magnetic signal waves and audio waves display
similar characteristics, such as reflection, refraction, intervene, and diffraction. In the time
and frequency domains, the speed, length, and frequency of signal waves have a certain
relationship for both magnetic waves and audio waves [67]. In our research, we explore
the signal feature extraction to analyse magnetic field signal features. The process flow

of the magnetic field feature extraction is presented in Figure 11.
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Figure 11: Magnetic measurement feature extraction
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Pre-emphasis

The first step of magnetic signal feature extraction is “pre-emphasis”. This step improves
the energy in high frequencies and balances the energy from lower and higher frequencies.

In the time domain, the filter equation is as below:
y[n] = x[n] — ax[n — 1]. (1)

where 7 is the time, X[n] is the input signal, and 0.9 < a < 1.

Windowing
In the second step, “Windowing”, we extract signal features from a small signal window.

The windowing process is performed using the signal value and window value. If the
value of the signal at time n is s[n], and the value of the window at time n is w[n] , the

signal value y[n] of this windowing process can be expressed using the following equation:
y[n] = win]s[n]. 2)

In order to shrink the values of the signal toward zero at the window boundaries and
avoid discontinuities, we further define two windowing functions: “Rectangular” and

“Hamming”.

“Rectangular’:

We set the window to 1 when signal time 7 is between 0 and L-1, where L is the length

of the frame of the signal. In other time periods, we set the window to 0.

1 0<n<L-1
0 otherwise '

w[[n] = { 3)

“Hamming”:

The goal of the Hamming window is to extract the spectral features, not from the entire

signal, but from a small signal window [28].

2nn
win] = {0.54 —046cos™" 0<n<L-1 @

otherwise

After the “Windowing” process is complete, the distributed frames will result in two

states: a dynamic state and a static state. The feature extraction process will go through
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two different flows, as seen in Figure 6. After “Windowing” processing, there is a
condition that processes each frame for its magnetic features. There are two steps,
including the dynamic and static states, due to the reason of each frame undergoing

“Windowing”.

The windowing process includes “frame shift” and “frame size”. It is difficult to extract
an entire feature from the magnetic feature as the spectrum changes very fast. Therefore,
in the frame state, two conditions are imposed to resolve this issue: dynamic state and
static state. The dynamic processing is caused by a frame shift of 10ms, while the static
state refers to frame size, which is 25ms. Therefore, the total feature is the data of both

dynamic and static states.

Discrete Fourier Transform (DFT)

For the static frame condition, the third step is a Discrete Fourier Transform (DFT). We
extract magnetic information for the windowed signal and calculate how much energy the

signal contains at different frequency bands.

The DFT is defined as follows:
xlk] = TN=E x[n]e 2w, 5)

where k and N are the sequence of frame and discrete frequency bands respectively, and

e, 0 are presented in Euler’s formula:

e/® = cos@ + jsiné. (6)

Mel Filter Bank

The next steps of feature extraction are “Mel Filter Bank” and “Log Processing” for

reduction to lower amplitudes. This is computed using:

f
mel(f) = 1127In* 760, (7)
where fis the frequency of the input signal.

The final steps are “Inverse Discrete Fourier Transform” (IDFT) and “Deltas” and

“Energy”: therefore, the magnetic feature includes Cepstrum, Deltas and Energy.
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Inverse Discrete Fourier Transform (IDFT)

IDFT is computed using the following equation:

_ L
c[n] = ¥N=1 log (1 ZN=s xlnle™ N g ikn. (8)

where c is the cepstrum of the magnetic feature, and the inverse DFT of the log magnitude

of the DFT of a signal.

Delta

In the Delta stage, we compute the gap cepstrum. Gap cepstrum is defined as the value of
the average of the current cepstrum and the cepstrum of the next time. Gap cepstrum d is

computed as follows:

d(t) _ c(t+1);c(t—1). (9)

Dynamic state

For the dynamic state frames after “Windowing”, we start the “Energy” process as in

Figure 6.

Energy

Energy is computed using the energy of the frame between two time points t1 and t2:

Energy = %2, x2[t]. (10)

Feature

For both process flows for dynamic state and static state (see Figure 11), the final features

are integrated.

The magnetic feature is presented using an integration of cepstrum c, Energy, and the gap

cepstrum d (as in Equations 8, 9, and 10).
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Vehicle magnetic features are consequently extracted and represented via this process.

4.3 Vehicle classification in one-dimensional map

To classify magnetic sensor signals for vehicle types, we transform several scalar
magnetic measurement data into one vector [43]. We design this vector as containing
cepstrum ¢, Energy, and the gap cepstrum d, which are extracted via the vehicle magnetic
feature extraction process. A vector space is then quantised using all magnetic feature
vectors. We compress the data and store this feature information in magnetic vector space

[68, 69]. We design this classification process as shown in Figure 12.

Non-
vehicle Sedan VAN Truck Bus

Output Layer C, ...... 65 ) \{A\} £ {’“\ (‘-, [’ﬁ'\ [.f*\] ('“‘«1 @

Inbut L lr’"\. Y
| wmeenn | y
put Layer ./ L

Input Feature

Figure 12: Vehicle magnetic feature vector quantisation classification process

When there is no vehicle in the measurement area, the magnetic sensor output signals are
the earth’s magnetic field and environmental noises. In this process, we also define a

“Non-vehicle” type when vehicles are absent. Accordingly, in our experiments, the signal
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types are: sedan, van, truck, bus and non-vehicle. We design a one-dimensional

classification map to present the distribution of vehicle types, as shown in Figure 13.

schematic diagram

® non-vehicle

none-vehicle

Figure 13: Distribution of vehicles on one-dimensional classification algorithm

In this distribution map, we designate a pair of numbers as the coordinate. Every point
based on x-axis value (X- axis direction) is the earth’s magnetic value. The one-
dimensional map has two axes, both of which are x-axis values. Every point has its own
unique position. The coordinate is displayed in one region at an approximated position
by a blue circle in that region. We uniquely represent each region using this coordinate.
For example, we designate the coordinate [-0.5, 0] to represent the position of one passing

sedan in this distribution [70, 71].
There are 16 regions and 16 blue circles in total, as shown in Figure 13.

In the classification algorithm, we label the vector data for feature classification training
as T = {xq1, %5, ..., Xx;n}. We use 2/3 of the entire magnetic feature data as training data.
We then divide the magnetic feature vector space (classification) into N (5) parts. Let C =
{c1,cy, ..., cy} represent a codebook, where c¢ is the codevector. This codebook contains

all magnetic feature vectors. S,, is the encoding region with codevector c,, . We then set
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the entire vector space P = {S;,S,, ..., Sy}. If X, is in the S, area, it can therefore be
approximately regarded as c,: Q(x,,) = c,. We define the distortion of the magnetic
vector that obtains the original vector, instead of the changed vector, in order to acquire

accurate output data.

The average distortion Dave can be computed as follows:

1

Ly — Q) (11)

Dave =

We design optimality criteria using the “Nearest Neighbour Condition” and “Centroid

Condition”.

These criteria are expressed as follows:

“Nearest Neighbour Condition™:
Sp={x:ilx—cy|* < |x—c|?Vn' = 1,2,...,N}. (12)

The vectors standing on the boundary can be chosen to a certain region Sn.

“Centroid Condition”:

c _meEs,fm
n— 1
X Xm€Esy

n=12..,N. (13)

If the transformed vehicle magnetic vector meets both the “Nearest Neighbour Condition”

and “Centroid Condition”, then the magnetic vector can be classified into that vehicle

type.
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Chapter 5: Classification within three-dimensional map

in magnetic field

5.1 Three-dimensional map framework overview

In the one-dimensional map section above, we present a road vehicle identification and
classification approach using magnetic sensor and magnetic signal feature extraction and
classification. In order to reduce the deployment, interruption of road traffic and
maintenance costs, we use a roadside magnetic sensor to detect the vehicles. The magnetic
signal processing approach extends MFCC to extract the magnetic signal features and
classify them into four types of vehicle signals: sedan, van, truck and bus. When vehicles
pass by the experimental spot, the magnetic field measurements display signal changes in
the form of waves. Figure 14 illustrates the magnetic field changes in one dimension for
these types of vehicles.

Magnetic signal changes when Sedan passing Magnetic signal changes when VAN passing
T T T T T T T T T T T T T T T
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168.00168.06168.12168.18168.25168.31168.37168 43168 50168.56168.62168 68168.74168.81168.87168.94168.99 529,00 529.06529.13.529.19 529 24 529.31529 37 520.44 529 50529 56 529.62 520,68 520.75 520 81529 88 529 95
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Magnefic signal changes when Bus passing
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Magnetic signal changes when Truck passing
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Figure 14: Magnetometer measurements of four types of vehicles
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Accordingly, in our experiments, the five signal types are: sedan, van, truck, bus and non-
vehicle. When there is no vehicle in the measurement area, the magnetic sensor output

signals are the earth’s magnetic field and environmental noises.

We design this classification process as in Figure 15.

| Nor
. vehicle

Hidden layer

Original signal (input data) ====) Feature extraction === Vehicle classifier ===) Vehicle type (output data)
Figure 15: Vehicle magnetic feature extraction and classification process

In our research, we use Dynamic Time Warping (DTW) to filter the raw measurement
signal and analyse Mel-Frequency Cepstral Coefficents (MFCC) for audio systems and
Vector Quantisation (VQ) to classify magnetic field measurement data for passing
vehicles. Unlike the one-dimensional map, this three-dimensional map also focuses on

the other two axis values: the y-axis and z-axis.

In the identification and classification of vehicle signals, we filter the raw magnetic field
measurement signals, extract the relative features, and then assign these features to

different types of vehicles. The method is presented below.
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5.2 Dynamic time warping selection process

Dynamic time warping (DTW) is a process used to compare signals and align sequences
between two time series. Under some boundary and temporal consistency constraints,
DTW is a point-to-point method that can obtain a global optimal solution via cost matrix

[72, 73].

The two ‘van’ magnetic signals are compared and selected using DTW, as illustrated in
Figure 16. Figure 16 displays that there are 16 points. Each point has been compared
between two magnetic signals. The original magnetic signal compared with another
magnetic signal, after which the signal output is aligned. Here, the Euclidean distance is
0.131226. In our experiment, there are 53 sedans, 22 vans, 21 trucks, 20 buses and 92
non-vehicle types of raw measurement signals. We compare each magnetic signal using
DTW and the resulting values are different. In the end, there are 52 sedans value, 21 vans
value, 20 trucks value, 19 buses value and 91 non-vehicle value of signals processed by
DTW. According to the different value results, the similar value can be selected as

training dataset.

Raw Measurement Signals

0.395

2 039

Aligned Signals (Euclidean Distance: 0.068665)
08 I T T | T \ { T T

| | | | | | | I | | | | | |

1 2 3 4 5 6 7 8 9 10 " 12 13 14 15 16

Figure 16: Two ‘van’ magnetic signals compared and selected using DTW

Figures 17, 18, 19 and 20 below identify each raw magnetic ‘van’ measurement signal

compared with other ‘van’ signals. The value is the distance between two van signals. For
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example, in Figure 17, each raw magnetic van measurement signal is compared with

VAN, such that there are 19 values processed by the DTW algorithm. In this process, we

use all ‘van’ raw magnetic measurement signal to compare with each other and select the

19 nearest values. Consequently, 20 raw magnetic ‘van’ measurement signals can be

selected for our following experiment. Similarly, the same methods were used for the bus,

truck and sedan types to select 19, 20 and 52 values. Therefore, there are 20 ‘bus’, 21

‘truck’ and 53 ‘sedan’ raw magnetic measurement signals in the following experiment.

In Figure 17, the result is 21 values and 22 vans selected.

3
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VAN,
®
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o
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Figure 17: The value of Van magnetic signals compared using DTW

In Figure 18, the result shows 19 values and 20 buses selected.
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Figure 18: The value of Bus magnetic signals compared using DTW

The result of Figure 19 displays 20 values and 21 trucks selected.

Figure 19: The value of Truck magnetic signals compared using DTW
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In the last DTW process, the result of Figure 20 shows there are 52 values and 53 sedans

selected.
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Figure 20: The value of Sedan magnetic signals compared using DTW

5.3 Vehicle feature extraction in three-dimensional map

The process flow of magnetic field feature extraction is the same as in Figure 11. Each

step of the process has been presented in the earlier section.

Vehicle magnetic features are consequently extracted and represented according to this

process.

5.4 Vehicle classification in three-dimensional map process

We design a three-dimensional classification model to present the distribution of vehicle
types (see Figure 21). As for the one-dimensional classification model, VQ is still used

as a classifier in this method.
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Figure 21: Distribution of vehicles on three-dimensional classification algorithm

As shown in Fig. 21, the three dimensions indicate the three directions of the magnetic
field: i.e., X-axis direction (right/west), Y-axis direction (in lane/south), and Z-axis
direction (up). The sample points indicated by coloured circles in Fig. 21 represent
different vehicles. We uniquely represent each colour circle using this coordinate. We
define s = {py, 2, ..., pn} and use s to indicate every sample point (py, p,, ..., Pr) in Fig.
21, while x, y and z are used to represent the coordinates in the X, Y and Z-axis direction.
Represent x, y and z as the earth’s magnetic value respectively, which is computed using

the below:

P =3x2 +y2+ 22 (14)

In this case, we designate sedans as red circles, vans as orange circles, trucks as dark red
circles, buses as yellow circles, non-vehicles as blue circles, and input data as pink circles
(Figure 21). For example, the coordinate [0.352, 0.412, 0.786] represents the position of
one passing sedan in this distribution. The VQ algorithm compares the distance between
input data (pink circle) and other vehicles (red/orange/green/yellow/blue circles). For
example, if the distance between the input data (pink circle) and Bus (yellow) is the
shortest, the output data is ‘Bus’. Similarly, each input data point has a corresponding

vehicle in this three-dimensional space.
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Chapter 6: Experimental results

6.1 Results for magnetic field in one-dimensional map

In this section, we perform classification experiments for our vehicle types (sedan, van,
truck, bus and non-vehicle) based on signal features obtained from the magnetic feature
extraction algorithm. In the vehicle type classification modelling process, we separate the
magnetic measurement data into two sets: training data and testing data. We analyse the
vehicle type classification using two groups of experiments with six different data
configurations. In Experiment Group 1, we use a data set of 36 sedans, 8 vans, 7 trucks,
10 buses and 87 non-vehicle signals. In Experiment Group 2, we use 73 sedans, 15 vans,
14 trucks, 15 buses and 174 non-vehicle signals. Moreover, for each group, we set up
training and testing data using three types of data configuration. This makes six types of

experiments in total, as shown in Table 1.

Table 1: Data configuration for two groups of experiments using the one-dimensional map

Group 1 Group 2

36 sedans, 8 vans, 7 trucks, 10 buses and 87 non- 73 sedans, 15 vans, 14 trucks, 15 buses and 174

vehicle signals non-vehicle signals

Data configuration Data configuration

Training data | Testing data Training data | Testing data
Experiment 1 2/3 1/3 Experiment 4 | 2/3 1/3
Experiment 2 3/4 1/4 Experiment 5 3/4 1/4
Experiment 3 4/5 /5 Experiment 6 | 4/5 /5

Magnetic dataset is an approach for the accuracy of the feature extraction process and
classification in test. In our report, we divide it into 2 groups and 6 experiments. Firstly,
we divide the entire data pool into training and testing sets comprising 2/3 and 1/3 of the
data respectively. All training and testing data are selected at random. After that, we

change the rate of training and testing sets at random to identify the accuracy that is not
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relative to pick up date. The testing and training rate change to 1/4 and 3/4 respectively.
The accuracy for each type of vehicle increases, as shown in the below table, in
experiments 1 and 2. Subsequently, the rates change from 1/4 and 3/4 to 1/5 and 4/5
respectively. The accuracy results also increase, as noted. This is due to the increase in
the random training set for perfecting the training vector quantisation. If we continue to
increase the training rate to determine whether the training rate will influence the testing
accuracy, the rate will stabilise at a maximum. We can see these results in experiments 1
and 2. In experiment 1, we deploy a date number of 148, while in experiment 2, we

provide a double date of 291. The magnetic dataset is presented in figure 22.

Testing 1/3 Training 2/3

Testing 1/4 Training 3/4

Testing 1/5 Training 4/5

Magnetic dataset

Figure 22: Magnetic dataset in the two experiments

In Experiment 1, we use 2/3 of the entire measurement data as input for the algorithm,
and 1/3 as result testing data. The classification results are presented in Table 2. This table
shows the observed vehicle type, training data number, testing data number, successful

classified vehicle number, and algorithm accuracy in Experiment 1.
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Table 2: Experiment 1 results: Vehicle classification using 2/3 of measurement data as training data and
1/3 data as testing data for one-dimensional map

Sedan | Van Truck | Bus Non-vehicle
Observed 36 8 7 10 87
Training data 24 5 4 6 58
Testing data 12 3 3 4 29
Algorithm classification 7 1 1 1 18
Algorithm accuracy 58% 33% 33% 25% 72%

The results of Experiment 2 are presented in Table 3.

Table 3: Experiment 2 results: Vehicle classification using 3/4 of measurement data as training data and

1/4 of measurement data as testing data for one-dimensional map

Sedan | Van Truck | Bus Non-vehicle
Observed 36 8 7 10 87
Training data 27 6 5 7 66
Testing data 9 2 2 3 21
Algorithm classification 7 1 1 1 18
Algorithm accuracy 78% 50% 50% 33% 86%

In Experiment 3, we alter the training data set such that it contains 4/5 of measurement

data, while 1/5 of the data becomes testing data. The results are presented in Table 4.

Table 4. Experiment 3 results: Vehicle classification using 4/5 of measurement data as training data and

1/5 of measurement data as testing data for one-dimensional map

Sedan | VAN Truck | Bus Non-vehicle
Observed 36 8 7 10 87
Training data 32 6 6 8 70
Testing data 4 2 1 2 17
Algorithm classification 3 1 1 1 14
Algorithm accuracy 75% 50% 100% | 50% 82%
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From the results of Experiment Group 1 (see Tables 2, 3 and 4), we find that the algorithm
accuracy level increases when we increase the training ratio. However, if we set the ratio
of training data to testing data very high, the accuracy level will eventually stabilise. The
classification results of Group 2 are as in Tables 5, 6, and 7. In Experiment 4, as shown
in Table 5, we use 2/3 of the entire data as training data to classify vehicle types, while

the remaining 1/3 is used as testing data.

Table 5: Experiment 4 results: Vehicle classification using 2/3 of measurement data as training data and
1/3 of measurement data as testing data for one-dimensional map

Sedan | Van Truck | Bus Non-vehicle
Observed 73 15 14 15 174
Training data 48 10 9 10 116
Testing data 25 5 5 5 58
Algorithm classification 20 2 2 2 53
Algorithm accuracy 80% 40% 40% 40% 91%

Table 6 shows the results of Experiment 5 for Group 2. We increase the training data
input to 3/4 of the entire set of measurement data to classify the types, while 1/4 of the

data is used as testing data.

Table 6. Experiment 5 results: Vehicle classification using 3/4 of measurement data as training data and
1/4 of measurement data as testing data for one-dimensional map

Sedan | Van Truck | Bus Non-vehicle
Observed 73 15 14 15 174
Training data 55 11 10 11 130
Testing data 18 4 4 4 44
Algorithm classification 15 2 2 2 40
Algorithm accuracy 83% 50% 50% 50% 91%
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In Experiment 6, we further increase the proportion of training data: 4/5 of measurement
data is used as training data to classify the vehicle types, while the remaining 1/5 becomes

testing data. The results are shown in Table 7.

Table 7: Experiment 6 results: Vehicle classification using 4/5 of measurement data as training data and
1/5 of measurement data as testing data for one-dimensional map

Sedan | VAN Truck | Bus Non-vehicle
Observed 73 15 14 15 174
Training data 60 12 11 12 140
Testing data 13 3 3 3 34
Algorithm classification 11 2 2 2 31
Algorithm accuracy 85% 67% 67% 67% 91%

From the above three tables for Group 2, we can draw two distinct findings.

Finding 1: The algorithm accuracy level is increased when we increase the total

proportion of training data relative to testing data.

Finding 2: When we continually increase the ratio of training data to testing data, the

accuracy level eventually stabilises.

6.2 Results for Magnetic field in three-dimensional map

We also carried out experiments on vehicle classification using three-dimensional map,
which is more challenging than using one-dimensional map. With three-dimensional data,
we randomly selected 1/4 of the raw data as testing data. The rest of the data is used for
training. To ensure the training data can represent the characteristics of the whole dataset,
DTW has been applied for training data selection. Four categories, i.e. sedan, van, truck,
and bus, are classified. In Experiment, the data set contains 53 sedans, 22 vans, 21 trucks,
20 buses and 92 non-vehicle signals. We applied four-fold cross validation to make the

classification results reliable. The cross-validation is presented in figure 23.

38



Chapter 6: Experimental results

Testing 1/4 Testing 3/4

4-fold

Four-Fold Cross Validation

Figure 23: Magnetic dataset in the four-fold cross validation

Firstly, we divided the entire set of experimental data into a testing set and a training set,
comprising 1/4 and 3/4 of the entire data respectively. Moreover, we use Dynamic Time

Warping (DTW) to select lower value that is in left data as training dataset.

The four results of Experiment are presented in Table 8, 9, 10, and 11.

Table 8: Experiment 1 results: Vehicle classification using 3/4 of measurement data as training data and
1/4 data as testing data for three-dimensional map

Sedan | VAN Truck | Bus Non-vehicle
Observed 53 22 21 20 92
Training data 36 17 15 13 54
Testing data 13 5 5 5 23
Algorithm classification 11 4 4 5 23
Algorithm accuracy 85% 80% 80% 100% | 100%
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Table 9: Experiment 2 results: Vehicle classification using 3/4 of measurement data as training data and
1/4 data as testing data for three-dimensional map

Sedan | VAN Truck | Bus Non-vehicle
Observed 53 22 21 20 92
Training data 34 14 13 13 64
Testing data 13 5 5 5 23
Algorithm classification 12 5 5 5 21
Algorithm accuracy 92% 100% | 100% | 100% | 91%

Table 80: Experiment 3 results: Vehicle classification using 3/4 of measurement data as training data and
1/4 data as testing data for three-dimensional map

Sedan | VAN Truck | Bus Non-vehicle
Observed 53 22 21 20 92
Training data 38 16 14 12 61
Testing data 13 6 5 5 23
Algorithm classification 13 4 5 5 22
Algorithm accuracy 100% | 67% 100% 100% | 96%

Table 9: Experiment 4 results: Vehicle classification using 3/4 of measurement data as training data and
1/4 data as testing data for three-dimensional map

Sedan | VAN Truck | Bus Non-vehicle
Observed 53 22 21 20 92
Training data 37 15 14 13 59
Testing data 14 6 6 5 23
Algorithm classification 13 5 5 5 23
Algorithm accuracy 93% 83% 83% 100% 100%

6.3 Impact on experimental accuracy

According to the experimental results for the one- and three-dimensional maps, we can
conclude that the different models have different results, while increasing training data

can improve experimental accuracy. However, selecting raw magnetic signals can also
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improve accuracy to a significant extent. DTW as a filter makes a great contribution to
increasing experimental accuracy for the three-dimensional map. Therefore, the selection
of training accuracy is crucial for experimental accuracy. In literature review, Saowaluck
etal. [51] and Zhou and Wang [74] have achieved the overall accuracy, which is 81.69%

and 84% respectively. Compared with their accuracy, we can achieve 94% on average.
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Chapter 7: Conclusion and future work

7.1 Conclusion

In this dissertation, we present a road vehicle identification and classification approach
using magnetic sensor and magnetic signal feature extraction and classification, as well
as data processing. This approach is designed for analysing road traffic in intelligent
transportation systems. Using this approach, the installation of a magnetic sensor at the
roadside does not require interruption of road traffic; this reduces deployment and
maintenance costs. The raw magnetic measurement signal is filtered by DTW, and the
processing approach extends MFCC to extract the magnetic signal features and classify
these features to categorise five types of vehicle signals. Using this approach, the average
accuracy of vehicle classification reached in our test data is: Sedan 92%, Van 86%, Truck
90%, Bus 100%, and Non-Vehicle 97%. In general, the average accuracy in our all test

data is over 90%.

7.2 Open research issues

Although a comprehensive empirical study has been presented and a high level of
recognition accuracy has been achieved, there are currently only four vehicles types in
our research (i.e. sedan, van, truck and bus). We need to expand the categories of vehicle

types and increase the accuracy of classification.
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Figure 24: New vehicle classification

In our future work, we will aim to improve both the vehicle data and the classification
accuracy by exploring new algorithms. In Figure 24, we increase the data to 3000,
including SUV, Coupe, Sedan, People-Mover, Hatch, Van, Ute, Buses, Cab Chassis,
Mini-Bus, Light Truck, and Light Bus. Moreover, the toughest challenge in our
measurements is the case of more than two vehicles in complex road traffic; when there
are four or five different vehicles passing the sensor, we need to recognise them
simultaneously. We will further consider the dependence of accuracy on the number of
sensors, the distance between passing vehicles and AMR sensor and other environmental

parameters.
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